Background: Single-nucleotide polymorphisms (SNPs) associated with melanoma have been identified though genome-wide association studies. However, the combined impact of these SNPs on melanoma development remains unclear, particularly in postmenopausal women who carry a lower melanoma risk.
C utaneous melanoma is a leading cause of skin cancer mortality, with as high as 55% of variation in melanoma risk attributable to genetic influences. 1 Single nucleotide polymorphisms (SNPs) contribute a low risk of melanoma individually; however, pooling their effects as a combined genetic risk score (GRS) can increase utility. A recent study involving 8950 participants from MD Anderson and the Nurses' Health Study found that individuals in the tertile of highest melanoma genetic risk, calculated using combined information from 11 SNPs, were 2.13 times more likely to have melanoma when compared to those in the tertile of lowest risk. 2 A recent case-control study by Kypreou et al 3 affirmed the similar effect size of another polygenic risk score (PRS), calculated from 15 SNPs, in a Southern Greek population. Both studies demonstrated the incremental benefit of using a combined PRS in predicting melanoma versus information from a single locus. For instance, in the study using MD Anderson and Nurses' Health Study databases, the most significant SNP, rs12913832, had an odds ratio (OR) of 1.29 (95% confidence interval [CI] 1.12-1.48) compared to an OR of 2.13 in a PRS pooling 11 SNPs. While higher genetic risk is significantly associated with increased melanoma events, the predictive ability of these SNPs in melanoma development and their clinical relevance in other cohorts are not well characterized.
Female sex has been associated with lower melanoma risk across all age groups and health care delivery models. 4 Hormonal differences have been postulated to be a key contributor to this sex difference; however, lower melanoma risk and improved prognosis continue to persist in postmenopausal women. 5 Postmenopausal women are an interesting population to study melanoma risk because they have a lower risk of melanoma but do not have confounding hormonal influences that are as significant. A previous study by the National Cancer Institute found that phenotypic modeling of pigmentation and sun exposure had lower predictive power for melanoma in women $50 years of age compared to men. 6 This may be because of a combination of environmental factors and sex-associated genetic differences. 7 The aim of this study is to assess the combined impact of melanoma risk SNPs and their additive effects when combined with phenotypic factors in a melanoma prediction model using a longitudinal cohort of 161,808 postmenopausal women in the clinical trial (CT) and observational study (OS) arms of the Women's Health Initiative (WHI) database. 8 This study expands upon the existing literature by assessing the impact of an updated list of 21 SNPs 9 in melanoma risk, focusing on postmenopausal women who have better melanoma prognosis compared to general mixed population in previous studies, and including prospective risk as reflected by incident melanoma, compared to previous retrospective case-control study designs.
METHODS

Cohort identification in the WHI dataset
Of 161,808 postmenopausal women in the CT and OS arms of the WHI dataset, a total of 19,102 white women were genotyped (Supplemental Methods, available online at http://www. jaad.org), including 422 lifetime melanoma cases and 289 incident melanoma cases encompassing a median of 16.8 follow-up years (Supplemental Fig 1, available online at http://www.jaad. org). Lifetime melanoma cases were self-reported in surveys and included those with a history of melanoma at the time of the enrollment. Incident melanoma cases were identified from medical records and confirmed by histology after the study enrollment. They also excluded those with a history of melanoma at the time of the enrollment. When considering incident melanoma, women who did not report melanoma were censored at the date of their last follow-up, date of death, or September 30, 2015 for women who were still being followed. The study was approved by the Stanford Institutional Review Board.
GRS calculation
We generated a GRS for each woman using 21 SNPs reported in the published literature, 9 which represent the most updated list of genome-wide significant SNPs as of January 22, 2018 (published on August 5, 2015) since the previous GRS studies. We divided women into equivalently sized tertiles of highest genetic risk, normal genetic risk, and lowest genetic risk, following the approach of previous studies in melanoma, diabetes, and cardiovascular disease.
2,10,11 Beta coefficients of 21 SNPs reported in published literature were used as weights and the following formula was applied to calculate the GRS:
Where EA is an indicator for the presence of effect alleles at allele k at SNP s (s = 0,1) and 
Statistical analyses of the association between GRS and melanoma
To estimate the association between GRS and lifetime and incident melanoma, logistic regression and Cox proportional hazards regression models were performed, respectively. Both models included tertiles of GRS as the independent variable of interest and adjusted for age. To assess proportional hazard assumptions, a KaplaneMeier plot was visually examined. Some of the covariates had missing values, and therefore 5 multiple imputations by chained equations using the Multivariate Imputation via Chained Equations (MICE) package (R software, version 2.46.0).
C-index and area under the curve calculations
The c-index and area under the curve (AUC) were estimated to assess the performance of the predictive capability of GRS for incident melanoma and lifetime melanoma. AUC is a plot of the true positive rate on a Y axis and false positive rate on an X axis, and c-index is a numerical measure of AUC and reflects the goodness of fit in survival models of the plot. A c-index of 0.5 represents the goodness of fit of random, with an equal chance of true negative and true positive events. A c-index \0.5 represents a fit worse than random, with a higher likelihood of true negative and a poor predictive model. Conversely, a c-index [0.5 represents a fit better than random, with a higher likelihood of true positive and positive predictive capacity. Additional details are described in the Supplement.
Sensitivity analyses
In sensitivity analyses, we included additional covariates in the model, such as sunscreen use, skin type, and latitude. Because those additional covariates were only collected in the OS cohort and we observed few cases of melanoma, we performed the sensitivity analyses on the OS cohort and we adjusted the model for 1 additional variable at a time. The study was underpowered to adjust for all variables together because of the limited number of melanoma cases. All statistical analyses were performed with R software (version 3.1.3).
12 All tests were 2-sided and conducted at the 0.05 significance level, and all model estimates are shown with 95% confidence intervals.
RESULTS
The median age of the CT-OS cohort was 67 years old, and approximately 48% of the subjects resided in northern latitudes (Supplemental Table I , available online at http://www.jaad.org). The CT-OS cohort included 422 cases of lifetime melanoma and 289 cases of incident melanoma ( Supplemental Fig 1) . A subset of 3146 women in the OS cohort also had additional information on skin type and sunscreen use (Supplemental Table II , available online at http://www.jaad.org). In the CT-OS cohort, region and latitude of residence, medication usage, age, smoking status, and body mass index were comparable across all GRS tertiles (Supplemental Tables I  and II) . Twenty-one SNPs that demonstrated genome-wide significance in previous studies (Supplemental Table III , available online at http:// www.jaad.org) were included in the GRS calculation. GRS was calculated using the risk alleles and beta coefficients of SNPs published in the literature as weights, which was calculated using the risk alleles and betas that were defined according to previous reports 3 (Supplement, available online at http://www.jaad.org).
To compare the weighted GRS across the tertiles for lifetime risk of melanoma, a logistic regression model was created, adjusting for age and tertiles of weighted GRS. Women in the tertile with highest genetic risk were 1.91 times more likely to have lifetime melanoma than women in the tertile with lowest genetic risk (95% CI 1.50-2.42) (Fig 1, A) . A similar increase in risk was observed for incident melanoma during [20 years of follow-up, with a hazard ratio of 1.89 for the highest tertile compared to the lowest tertile (95% CI 1.42-2.52; Fig These data support the conclusion that higher GRS scores are associated with increased melanoma prevalence and incidence in postmenopausal women.
Because the covariates considered in the primary regression models did not include information on skin type, sunscreen use, or latitude of residence, we conducted a second sensitivity analysis using only the OS cohort. Compared with the CT-OS cohort, the highest GRS tertile in the OS cohort were 2.89 times more likely to develop lifetime melanoma compared to the lowest tertile (95% CI 1.77-4.71). Adjusting for skin type, sunscreen use, or latitude, the odds ratio for lifetime melanoma continued to remain statistically significant at P \ .01, with odds ratios of 2.64 (95% CI 1.61-4.34), 2.72 (95% CI 1.66-4.45), and 2.92 (95% CI 1.79-4.78), respectively, when comparing the melanoma risk in the highest genetic risk tertile to the lowest genetic risk tertile (Supplemental Table IV , available online at http:// www.jaad.org). Similar results were observed for incident melanomas, with odds ratio of 2.65 (95% CI 1.17-6.01), 2.72 (95% CI 1.20-6.16), and 3.00 (95% CI 1.33-6.78), respectively (Supplemental Table V , available online at http://www.jaad.org). The sensitivity analyses using the OS cohort supported the association between the highest genetic risk tertile and increased melanoma risk even when adjusting for sun exposure data.
The c-index of phenotypic model with age only for incident melanoma was 0.532 (95% CI 0.498-0.566), which was comparable to that of phenotypic model with sex and age alone.
2 By adding GRS to the model, the c-index was increased by modest amount of 0.068 (95% CI 0.034-0.102) for incident melanoma. The AUC of the phenotypic model for lifetime melanoma was 0.517 (95% CI 0.489-0.545), and the difference was 0.075 (95% CI 0.041-0.109; Table I ). The predictive power of the phenotypic model in our study was lower relative to previous studies, likely because of the absence of nevi data in the model. Consistent with the previous studies, the interval increase from addition of phenotypic model to GRS model was modest.
Fig 1. Risk of lifetime and incident melanoma by genetic risk score (GRS).
A, Logistic regression model adjusted for age and tertiles of weighted GRS demonstrate increased risk of lifetime melanoma with an odds ratio of 1.91 (95% confidence interval 1.50-2.42, P \.01) in the highest GRS tertile compared to the lowest tertile. B, Cox proportional hazards regression model adjusting for the same covariates demonstrate an increased risk of incident melanoma with a similar hazard ratio of 1.89 (95% confidence interval 1.42-2.52, P \ .01) in the highest tertile compared to the lowest. 
CONCLUSIONS
In this study, we demonstrated the combined impact of a PRS on the development of melanoma in a large longitudinal cohort of postmenopausal women. Consistent with studies conducted in other populations, the top GRS tertile in the WHI cohort of postmenopausal women were 1.91 times more likely to have lifetime melanoma when compared to the lowest tertile. The present study additionally confirmed this increased association in incident melanoma as well, with the top tertile 1.89 times more likely to have an event when compared to the lowest. The conclusions of this study bring attention to two interesting points. First, this confirms the relevance of currently known SNPs associated with melanoma, whose studies have been previously limited to mixed populations of male and females, in a population of postmenopausal women. This is important because postmenopausal women have been suggested to have some difference in melanoma biology compared to men. Second, the modest impact of genetic risk in this study is an interesting example of how pooled genetic risk can have minimal impact overall on the actual clinical development of melanoma despite associated risk. This may suggest that environmental factors may have more significant role in melanoma development compared to genetic factors than previously suspected.
The strength of the study is in the robust longitudinal phenotypic data available in the WHI database that allows assessment of lifetime and incident melanoma, including skin type and sunscreen use. A limitation of the study is the lack information on the additional phenotypic factors, including nevi count, Fitzpatrick skin type, and family history of melanoma. Other limitations include potential reporting bias in self-reported lifetime melanoma and selection bias in the subet of WHI cohort who had genetic information available. Our findings revealed a predictive effect of genetic factors for melanoma in an older female population, which was attenuated when phenotypic factors were incorporated. It is important to recognize the likelihood of some overlap in the phenotypic factors and genetic risk. For instance, SNPs in genes known to affect skin type and nevi characteristics, such as MC1R and TYR, likely lack additional predictive capcity when combined with phenotypic factors in a disease prediction model as their addition adds redundant information to the prediction model.
The clinical utility of PRS have been also studied, both alone and in combination with phenotypic factors in areas outside of cutaneous oncology, including cardiovascular disease, such as coronary artery disease and artrial fibrillation, 13,14 age-associated Alzheimer disease, 15 and diabetes. 16 These studies have also found a predictive impact of GRS that is attenuated when phenotypic information is incorporated. Our study highlights the need to further identify rare high-impact SNPs in melanoma and suggests that currently PRSs have limited utility for melanoma risk when clinical phenotypic data are available. 
SUPPLEMENT
Initial QC Initial QC had already been carried out on each of the GWAS studies (Supplemental Table VI ), using the GENEVA protocol or protocols that were similar. Some of the pertinent QC parameters used for each of the studies are included in Supplemental Table VII .
Imputation
The imputation was done by first matching the strand of the GWAS data with the 1KGP data after excluding ambiguous A/T or C/G SNPs. We used the 1kGP reference panel (1092 samples; v2.20101123 for GECCO; v3.20101123 for GARNET, HIPFX, MOPMAP, and WHIMS1). The GWAS data were split into chunks with each chunk having 10,000 SNPs and neighboring chunks have 1000 overlapping SNPs. Then all chunks were phased using Beagle and then combined using mergebeaglechunks.jar (available from the BEAGLE website). An autoclip file was created for minimac to specify what the range of the chunks (start and stop) and the SNPs to be imputed within the chunk (core_start and core_end) so that no SNP needed to be be imputed twice. All chunks were imputed into 1kGP using minimac. SNPs that could not be imputed with high enough confidence (cut-off R 2 [ 0.1) were omitted for that particular study (but still appear as columns of missing data in files if they were kept in the other studies, to facilitate alignment). We did not impute the X chromosome. The SHARe study was independently imputed to the same reference panel. The procedures used were similar to those listed above, except that MACH was used to carry out the imputation.
Harmonization
A panel of 5665 SNPs was used for checking the pairwise concordance among all samples in GARNET, GECCO, HIPFX, SHARe, WHIMS1, and MOPMAP. The same panel of SNPs was used for principal component check together with HapMap samples to identify ethnicity outlier. The same panel of SNPs were used for checking IBD in plink to identify relatedness among samples. Another principal component analysis was done for combined samples (after removing of ineligible duplicates) in all studies then the resulting PCs were mapped back to samples within each study. A NetCDF file of imputed results was created for each chromosome in each study. Different studies have the same set of SNPs e SNPs that were not successfully imputed in a particular study but are in other studies are listed as missing values. A SNP info file was also created along with each NetCDF file describing the SNP name, chromosome, position, count allele, alternative allele, count allele frequency, and imputation quality for each SNP.
Duplicates
Because subjects for each of these GWAS were selected independently, we checked for duplicates between the studies. We removed a small number of samples that were supposed to be duplicates but had a concordance rate \90% and appeared to be duplicates but were from unrelated individuals who appeared not to be monozygotic twins. We kept samples that were monozygotic twins (see relatedness below), and duplicates between studies in our datasets. There currently are 29,846 unique subjects in the data.
Relatedness
We carried out an IBD analysis using a subset of 5665 SNPS and the PLINK package. We used the results to identify 42 parent off-spring pairs and 303 pairs of siblings/first-degree relatives. We did not identify second and higher degree relatives (eg, cousins, half-siblings, etc).
Genetic risk score (GRS) calculation
Beta coefficients of 21 SNPs reported in published literature were used as weights and the following formula was applied to calculate the genetic risk score:
where EA is an indicator for the presence of effect alleles at allele k at SNP s (s = 0,1) and W s represents the beta coefficient estimates of effect allele of SNP s from published literature. We verified that the effect allele and allele frequency we used in our study matched with the alleles and allele frequency listed in the published literature.
Area under curve (AUC) calculation
To assess the performance of the predictive capability of the GRS for incident melanoma, the c-index was calculated using rcorr.cens function in the Hmisc package.
9 The c-index was calculated based on a model including the covariates described earlier with and without the GRS tertiles. 10 We calculated the AUC for lifetime melanoma models using pROC package.
11 To calculate the confidence interval of the difference, we bootstrapped the sample 1000 times in each imputation and calculated the difference for c-index/AUC for each bootstrapped sample. The observed mean and standard deviation of the difference of c-index/ AUC for each imputation were pooled using Rubin's rules 12 to obtain a 95% confidence interval. 
